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Abstract 
Background: Diagnostic guidelines recommend using a variety of methods to assess and diagnose ADHD. Applying 
subjective measures always incorporates risks such as informant biases or large differences between ratings obtained 
from diverse sources. Furthermore, it has been demonstrated that ratings and tests seem to assess somewhat differ-
ent constructs. The use of objective measures might thus yield valuable information for diagnosing ADHD. This study 
aims at evaluating the role of objective measures when trying to distinguish between individuals with ADHD and 
controls. Our sample consisted of children (n = 60) and adults (n = 76) diagnosed with ADHD and matched controls 
who completed self- and observer ratings as well as objective tasks. Diagnosis was primarily based on clinical inter-
views. A popular pattern recognition approach, support vector machines, was used to predict the diagnosis.
Results: We observed relatively high accuracy of 79% (adults) and 78% (children) applying solely objective measures. 
Predicting an ADHD diagnosis using both subjective and objective measures exceeded the accuracy of objective 
measures for both adults (89.5%) and children (86.7%), with the subjective variables proving to be the most relevant.
Conclusions: We argue that objective measures are more robust against rater bias and errors inherent in subjective 
measures and may be more replicable. Considering the high accuracy of objective measures only, we found in our 
study, we think that they should be incorporated in diagnostic procedures for assessing ADHD.
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Background
Attention deficit/hyperactivity disorder (ADHD) is char-
acterized by a combination of age-inappropriate levels of 
inattention, impulsive behavior and hyperactivity. Symp-
toms must become apparent before the age of 12  years 
and cause significant impairments in more than one set-
ting, e.g., at school or work, or with family and peers [1]. 
The diagnostic and statistical manual of mental disorders 
(DSM V; [1]) distinguishes three subtypes of ADHD, the 
predominantly inattentive type (IA), the predominantly 
hyperactive/impulsive type (HI) and the combined type 
(C). Children of the IA type show more than six out of 
the nine relevant symptoms specified as inattentive 
behavior and less than six out of the nine relevant symp-
toms specified as hyperactive/impulsive behavior. The 
predominantly HI type is characterized by more than six 
HI symptoms and less than six IA symptoms, whereas 
children of the C type show more than six symptoms in 
both areas. Although ADHD was long regarded solely as 
a childhood disorder, it is now agreed that the disorder 
persists into adulthood (e.g., [2, 3]), and even into old age 
[4, 5]. Estimations of adulthood ADHD’s prevalence rates 
range from 2.5 to 5% [6–12], slightly smaller than those 
reported for children and youths that range from 5.0 to 
7.1% [13, 14].
Assessment of ADHD using ratings and tests
Most diagnostic guidelines (e.g., [15–17]) require that 
ADHD be assessed and diagnosed by relying on infor-
mation provided via a variety of methods (e.g., clinical 
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interviews, observations and ratings) and collected from 
multiple sources (e.g., parents and teachers). However, 
using subjective measures always incorporates the risk of 
informant biases [18] and clinicians are often confronted 
with great inconsistencies between ratings obtained from 
different sources [19, 20]. Although the discrepancies 
between different informants can be of clinical relevance 
[21], the use of objective measures in addition to subjec-
tive ratings might yield valuable information facilitating 
the diagnosis of ADHD. In the present study, we there-
fore aimed to investigate the role of objective measures 
when trying to distinguish between individuals with 
ADHD and controls. We also aimed to investigate how 
objective measures are related to subjective measures by 
investigating how well we could discriminate between 
ADHD and controls when using the combination of these 
two types of measures. The combination of objective and 
subjective measures may provide additional informa-
tion than objective measures alone as it has been argued 
that tests and ratings may capture at least partly different 
constructs [22, 23] and should not be used interchange-
ably. Toplak and colleagues [23] argue that one important 
difference between ratings and tests is that the former 
measure typical performance (i.e., how an individual nor-
mally performs), whereas tests usually capture optimal 
performance (i.e., how well an individual performs under 
relatively optimal conditions). Thus, objective meas-
ures assess performance free of influences of the differ-
ent situations. However, this study primarily investigated 
whether only objective measures would be sufficient to 
develop a statistical model as the bias and inter-operator 
error inherent in subjective measures are not well suited 
to developing a robust and objective classifier. Whilst 
the value of including subjective measures in a classifier 
alongside objective measures has been explored, develop-
ing an objective statistical method using only subjective 
data would not be expected to produce a robust classifier 
that would generalize to corresponding data acquired by 
other operators.
The relative importance of individual variables towards 
a diagnosis of ADHD is an issue that has not been empir-
ically examined, at least not in studies employing statisti-
cal methods that can handle numerous variables to make 
an objective prediction. Similarly, few studies focus on 
objective measurements of ADHD symptom levels rather 
than constructs (such as executive functioning deficits) 
that are known to be associated with ADHD.
Objective measures
Test battery of attention
In Germany, where this study was conducted, a fre-
quently used neuropsychological test is the test battery 
of attention for adolescents and adults (TAP; [24]) or for 
children aged 6–11 (KiTAP; [25]). The various subtests 
enable the assessment of aspects of two of the three core 
symptoms of ADHD, namely inattention and impulsiv-
ity. A detailed description of the tasks is provided in the 
method section. One study using the TAP in a sample 
of children with ADHD and healthy controls demon-
strated that two test measures (reaction time variability 
of the Go/NoGo task, number of errors of the reaction 
change task) were needed to classify 90% of the children 
correctly [26]. Drechsler et  al. [27] detected significant 
group differences between children with and without 
ADHD in four of the KiTAP’s six subtests. Nevertheless, 
they did not recommend using it for diagnostic purposes 
due to its weak specificity. Another study on the psycho-
metric properties of the KiTAP reported values for split-
half reliability of .55–.96 for children aged 8–12 [25] and 
.32–.72 for children aged 6–7 years [28]. The psychomet-
ric properties of the TAP/KiTAP are thus not fully sat-
isfactory, and norm references are missing for some age 
groups. An alternative is the Quantified Behavior Test, 
a neuropsychological test becoming increasingly impor-
tant in ADHD diagnostics.
The Quantified Behavior Test
The Quantified Behavior Test for children aged 6–12 
(QbTest 6–12; [29]) and the Quantified Behavior Test 
Plus for subjects 12  years and older (Qb+©; [30]) are 
computerized neuropsychological tests that assess the 
three core symptoms of ADHD using a continuous per-
formance test (CPT). One great advantage of these tests 
is that in addition to providing estimates of the par-
ticipant’s performance (e.g., omission and commission 
errors), they also measure head movements via a motion 
tracking system. For example, the system generates 
measures of the time the subject has moved more than 
1  cm/s, as well as the distance they traveled during the 
test or the surface covered through their movements. 
Reh et  al. [31] reported promising results determining 
the QbTest 6–12’s factorial and discriminant validity with 
a three-factor solution corresponding to the three areas 
of ADHD impairment. These explained 76% of the total 
variance and reliability estimates ranging from α = .60 
(impulsivity) to α = .95 (hyperactivity) for these factors. 
Findings have been less consistent regarding the QbTest 
6–12’s convergent and discriminant validity. One study 
exhibited significant differences between children with 
ADHD, their siblings, and healthy controls, and the 
authors identified the factor of hyperactivity as a possible 
“intermediate phenotype” [32]. Hult et al. [33] examined 
the diagnostic validity of the QbTest 6–12 applying ROC 
curves in a clinical sample of children diagnosed with 
ADHD and a clinical control group of individuals with 
primarily autism spectrum disorder, observing moderate 
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sensitivity (47–67%) and specificity values (72–84%). In a 
third study, multi-trait, multi-method analyses compar-
ing self- and observer ratings (Conners 3 rating scales) 
with objective measures provided support for the conver-
gent validity of the QbTest 6–12 especially for the vari-
ables assessing inattention, but discriminant validity was 
not supported [34]. However, discrimination analyses 
based on the QbTest 6–12 also achieved 73.8% accuracy 
in predicting whether a child had an ADHD diagnosis 
(all subtypes) or not with the variables measuring activ-
ity revealing the greatest impact. There are studies of the 
Qb+©, the version used for adolescents and adults, dem-
onstrating high sensitivity (86%) and specificity (83%) 
when trying to differentiate between subjects with and 
without ADHD [35, 36]. However, sensitivity dropped 
substantially when trying to differentiate between indi-
viduals with ADHD and other clinical groups such as 
bipolar II disorder (36%) or borderline personality dis-
order (41%; [35]). However, in another study, with a 
large sample of patients that came in for ADHD assess-
ment, we were able to differentiate patients for which an 
ADHD diagnosis was confirmed (66% of 773 subjects) 
versus patients that had symptoms of inattention, impul-
sivity or hyperactivity due to other disorders (34% of 
773 subjects). All individuals performed the QbTest, the 
objective measure also used in this study. Of those indi-
viduals predicted not to have an ADHD diagnosis based 
on the QbTest, 67% actually had no diagnosis; of those 
individuals predicted to have an ADHD diagnosis, 79% 
actually had a diagnosis. In the whole sample, the cor-
rect classification rate was 76.4%, sensitivity was 90%, 
and specificity was just 45% [37]. Another study reported 
satisfactory overall classification rates (87.8% correctly 
identified ADHD patients), but lower correct prediction 
rates regarding the area under the curve (AUC) range for 
sensitivity (36.5–58.5%) and specificity (80–100%; [38]). 
Hirsch and Christiansen [37] verified the three factorial 
structure of the Qb+© and provided support for conver-
gent validity using multi-trait, multi-method analyses, 
but the discriminant validity of this instrument was only 
partially supported. The measure of impulsivity has been 
shown to be the least sensitive symptom with regard to 
discriminating between adults with and without ADHD 
as well as between patients with ADHD or other psychi-
atric disorders [35, 36, 39].
Aim of the present study
In summary, there are several studies reporting promis-
ing results regarding the ability of the QbTest 6–12 and 
the Qb+© to differentiate between patients with and 
without ADHD. Nevertheless, findings are inconsist-
ent, and often suggest using neuropsychological tests 
only as an additional resource within a comprehensive 
assessment strategy incorporating a variety of meth-
ods [27]. In the clinical community there is a high con-
troversy about the usefulness of objective measures for 
diagnostic purposes as problems regarding sensitivity, 
specificity and ecological validity have been reported 
[40]. In light of the evidence that ratings and tests seem 
to assess partly different constructs, objective and sub-
jective measures could be seen as complementing each 
other. The diagnostic value of objective tests becomes 
all the more important when the potential risks of sub-
jective measures are taken into account, informant bias 
being the most important thereof. There is lack of stud-
ies evaluating the differential contributions of objective 
and subjective measures for correctly classifying ADHD. 
Whilst the study investigates the relative contribution of 
subjective measures in a classifier, the diagnostic accu-
racy using objective measurements only is considered 
more generalisable due to the inherent inter-operator 
variability in subjective measures. In contrast to most 
previous studies using neuropsychological measures and 
ratings to differentiate between patients with ADHD and 
healthy controls, we used machine learning rather than 
discriminant function analysis or logistic regression 
analysis. The advantage of the former is that it is data-
driven and less sensitive to outliers [41]. Furthermore, 
it is a multivariate approach, as it does not rely on sum-
mary scores, but considers every single item. The risk of 
losing information is therefore reduced [41]. More spe-
cifically, the present study used support vector machine 
(SVM). This machine-learning approach is known to 
be very robust and capable of translating well in studies 
using imaging data [42]. However, it has been predomi-
nantly implemented in studies using neuroimaging data 
to diagnostically classify clinical populations [43, 44] and 
not in studies using standard clinical assessments as rec-
ommended by the various ADHD diagnostic guidelines 
outlined above.
The first aim of this study was thus to investigate the 
accuracy of employing only variables from the objective 
measures to reveal their specific potential contribution 
free from the potential confound of subjective measures. 
We further aimed to investigate how objective measures 
are related to subjective measures by investigating how 
well we could discriminate between ADHD and con-
trols when using the combination of these two types of 
measures. In contrast to previous research, we used a 
machine-learning technique (SVM) to analyze the data.
Methods
Participants and procedure
Thirty children with ADHD and thirty controls matched 
at group level according to age and gender were enrolled 
in the childhood ADHD prediction. Thirty-eight adults 
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with ADHD and thirty-eight age and gender-matched 
controls were enrolled in the adulthood ADHD predic-
tion resulting in a total sample of N = 136. All children 
and adults with ADHD were recruited through an ADHD 
outpatient clinic within the university. Control children 
were recruited through local schools and children who 
participated in the study were given a movie voucher. 
Control adults were recruited at the university and via 
advertisements; they also received movie vouchers for 
study participation. No established or suspected ADHD 
diagnosis, or family history of ADHD were allowed for 
the individuals in the control groups.
Clinically-referred children were included in the study 
if they met the DSM-IV [45] criteria for ADHD (either 
combined, predominantly inattentive or predominantly 
hyperactive/impulsive subtype) and had an IQ-score ≥ 80 
(short version of the Wechsler Intelligence Scale for 
Children IV [46]: block-design, similarities, digit span, 
information and picture arrangement; [47]). The exclu-
sion criteria were symptoms of inattention, hyperactiv-
ity or impulsivity due to other medical conditions such 
as hyperthyroidism, autism, epilepsy, brain disorders and 
any genetic or medical disorder associated with exter-
nalizing behavior. Comorbid disorders like oppositional 
defiance disorder (ODD) or conduct disorder (CD) did 
not constitute an exclusion criterion as they are prevalent 
in about 30–50% of the population [48]. Other comor-
bid disorders (e.g. learning disorders, anxiety or depres-
sion) also did not result in exclusion as long as ADHD 
was the primary diagnosis. Participants were allowed to 
take medication but were asked to stop taking it 2 days 
before the objective tests were applied. Similar inclu-
sion and exclusion criteria applied to adults with the 
exception that IQ was not assessed. Adult patients were 
recruited from a specialized outpatient clinic whose 
standard diagnostic procedure does not include extensive 
testing of cognitive abilities. Instead, achieved schooling 
and current job position are gathered. According to that, 
none of the patients were estimated to score below IQ of 
80 as all of them have at least completed middle school. 
ADHD diagnoses were based on a DSM-IV-oriented 
clinical interview conducted by an experienced clinician, 
as this is known to be a highly reliable method for making 
an ADHD diagnosis [49–51]. For the children, we con-
ducted the Schedule for Affective Disorders and Schizo-
phrenia for School-Age Children-Present and Lifetime 
Version interview (K-SADS-PL; [52]) with a parent. Its 
inter-rater reliability ranges from .93 to 1.0 [53]. The 
adult patients completed the Wender Reimherr Inter-
view (WRI; [54]), which has inter-rater reliability ranging 
from .45–.95 [55]. Rating scales were completed at home 
and the objective tests were instructed by clinicians or 
research assistants.
In the child sample, the male-to-female ratio was 21/9 
(ADHD) and 19/11 (controls). The ADHD group’s mean 
age was 8.9  years (SD = 1.4, range 7.0–11.0  years) and 
the controls’ 8.7 years (SD = 1.2, range 6.9–10.8 years). 
A percentage of 26.7 of the children diagnosed with 
ADHD were predominantly inattentive, 3.3% were pre-
dominantly hyperactive-impulsive and 60% fulfilled the 
diagnostic criteria for the combined subtype. Unfortu-
nately, for 10% of the children the subtype information 
was not available. The adult ADHD group’s mean age 
was 35.1 years (SD = 11.7, range 19–63 years); and the 
controls’ 32.2 years (SD = 9.6, range 21–56 years). Both 
adult groups had a male-to-female ratio of 25/13. A 
percentage of 10.5 of the adults diagnosed with ADHD 
were predominantly inattentive, 2.6% were predomi-
nantly hyperactive-impulsive and 81.6% fulfilled the 
diagnostic criteria for the combined subtype. Unfortu-
nately, for 5.3% of the adults the subtype information 
was not available.
Children with ADHD had a significantly lower IQ 
than the controls (t (58) = − 4.49, p < .001), a factor 
known to be typical of this population (e.g., [56, 57]). In 
their twin-study, Kuntsi et al. [58] found that the asso-
ciation between ADHD and lower IQ is based predomi-
nantly on genetic influences rather than environmental 
effects. Controlling for IQ would therefore not have 
affected the composition of our ADHD-population. We 
thus decided against controlling for IQ as a possible 
confound because that can bias classification results. 
The high mean IQ of our ADHD (M = 113.1; SD = 11.6) 
and control groups (M = 125.8; SD = 10.8) is most likely 
due to the high percentage of children from academic 
families in a small university town (80.000 inhabitants 
of which 27.000 are students and ~ 10.000 academics 
working at the university with a further ~ 10.000 work-
ing in related academic institutions). Considering IQ’s 
high rate of heritability (one that even rises with age 
[59]) and the additional role of the socio-economic sta-
tus of those with a high IQ in particular [60], our sam-
ple’s IQ values are not that surprising. For details on 
demographics, please see Table 1. Furthermore, Table 3 
shows correlations between IQ and the subjective and 
objective variables.
Measures
The standard diagnostic procedure for ADHD at the 
outpatient clinic from which our participants were 
recruited incorporates a variety of measures like clini-
cal interviews, self- and observer ratings and neu-
ropsychological tests. Instruments used for our SVM 
analyses are described in greater detail below.
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Conners ADHD rating scales self‑ and observer rating long 
version (CAARS‑L: S/O)
The CAARS-L: S [61] is a self-rating instrument that 
assesses ADHD symptoms in adults aged 18 years and 
above. The long version consists of 66 items rated on 
a 4-point Likert-type scale ranging from 0 (not at all/
never) to 3 (very much/very frequently). Factor analyses 
for the original and the German version have supported 
a four-factor structure consisting of inattention/mem-
ory problems, hyperactivity/restlessness, impulsivity/
emotional lability, and problems with self-concept [62, 
63]. The internal consistency of each of these subscales 
ranges between .82 and .85, and all four subscales 
reveal high sensitivity and specificity [63]. The CAARS-
L: S thus represents a reliable and cross-culturally valid 
measure of current ADHD symptoms in adults [64]. 
The observer version CAARS-L: O also assesses ADHD 
symptoms using the same items and rating scale as the 
CAARS-L: S, but symptoms are rated by someone who 
has a close relationship with the subject under exami-
nation [65]. Observer ratings were performed by a per-
son with a close relationship to the participant. In most 
cases, their partner or spouse was selected but it was 
sometimes a parent or close friend. This version’s fac-
torial validity has been confirmed and its psychometric 
properties proved to be satisfactory. In our study the 
internal consistency of the CAARS-L: S/O ranged from 
α = .90/.89 to α = .95/.94.
Conners‑3 parent/teacher ratings
The Conners-3 parent/teacher ratings [66] are two 
questionnaires assessing ADHD symptoms and asso-
ciated problems like oppositional behavior or learn-
ing problems in children and adolescents aged 
6–18  years. The long version contains 105/111 items 
(parent/teacher) rated on a 4-point Likert-scale from 
0 (not at all/never) to 3 (very much/very frequently). 
The Conners 3 incorporates the following ten scales: 
inattention, hyperactivity/impulsivity, learning prob-
lems, executive functions, aggression, peer relations 
(content scales); DSM IV-inattention, DSM IV-hyper-
activity/impulsivity, DSM IV-conduct disorder, DSM 
IV-oppositional defiant disorder (symptom scales); 
ADHD index, Global index. The German version has 
revealed good to very good internal consistency (Cron-
bach’s α = .74–.96). Also, confirmatory factor analyses 
of the Conners 3 German version confirmed the factor 
structure for the content scales in the original Ameri-
can version [67]. In our sample we found a Cronbach’s 
alpha of .85 for the content scales and α = .79 for the 
symptom scales of the Conners 3 parent rating scale.
Quantified Behavior Test for adolescents and adults (Qb+©)
The Qb+© [30] is a continuous performance task (CPT) 
measuring sustained attention combined with a simulta-
neous high resolution motion tracking system that takes 
20  min to complete. Presented stimuli are a blue circle, 
a blue square, a red circle, and a red square. A response 
key is to be pressed when two identical stimuli are shown 
in succession. The target/non-target ratio is 25/75. Dur-
ing performance, the participant’s head movements 
are recorded with an infrared camera tracking a reflec-
tive marker attached to the headband the participant 
is wearing. One thus obtains data from a total of nine 
parameters that measure each of the three core ADHD 
symptoms. Activity is measured by five parameters: 
time active (i.e., time the subject has moved more than 
1  cm/s in percentage of the task’s entire duration), Dis-
tance (i.e., distance traveled by the reflective headband 
marker in m), area (i.e., surface covered by the headband 
reflector during the test in  cm2), microevents (i.e., small 
movements exceeding 1  mm), and motion simplicity 
(i.e., complexity of the motion pattern in  %). Inattention 
is measured by the following parameters: reaction time 
(RT), RT variability (i.e., standard deviation of RT in ms), 
and omission errors. The third ADHD domain, impulsiv-
ity, is assessed by commission errors. Psychometric prop-
erties of the Qb+© are described in the introduction.
Quantified Behavior Test for children aged 6–12 (QbTest)
Similar to the Qb+©, the QbTest [29] consists of a stand-
ard CPT and a parallel registration of the participants’ 
movements with an infrared camera following a reflec-
tive marker attached to a headband. Stimuli are either a 
gray circle (target) or a gray circle with a cross (non-tar-
get) in random order of appearance. These are presented 
for 100  ms at an inter-stimuli-interval of 1900  ms. The 
target/non-target ratio is 50/50. The task is to press a but-
ton as quickly as possible when the target appears. The 
same parameters measuring the three core ADHD symp-
toms in the Qb+© are also included in the childhood 
Table 1 Demographic characteristics of the sample
SD standard deviation, N/A not available
Adults Children
ADHD Controls ADHD Controls
n 38 38 30 30
Mean age (SD) 35.1 (11.7) 32.2 (9.6) 8.9 (1.4) 8.7 (1.2)
Gender
Male (%) 25 (65.8) 29 (65.8) 21 (70) 19 (63.3)
Female (%) 13 (34.2) 16 (34.2) 9 (30) 11 (36.7)
Mean IQ (SD) N/A N/A 113.1 (11.6) 125.8 (10.8)
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version (see descriptions above). In addition to these nine 
parameters, inattention also includes normalized vari-
ability in reaction time (i.e., RTVar divided by RT) and 
the impulsivity factor contains anticipatory reactions 
(i.e., reactions < 150 ms are considered coincidental). The 
QbTest’s psychometric properties are described in the 
introduction.
Test battery of attention for adolescents and adults 
and for children aged 6–11 (TAP/KiTAP)
The TAP’s [24] and KiTAP’s [25] three subtests below 
were used for our assessment of both age groups: Go/
NoGo, divided attention and sustained attention. The 
Go/NoGo task assesses selective attention and in it, par-
ticipants are instructed to press a button (“go”) when a 
target stimulus appears. For example, in the TAP an “×” 
and a “+” are presented and participants have to press 
the button when the “×” appears, but not when the “+” 
appears. In the divided-attention subtest, a visual and 
auditory task have to be processed simultaneously. In 
the sustained attention task, one has to be attentive for a 
period of about 15 min. The KiTAP’s tasks are embedded 
in a story about a haunted castle. In the divided-atten-
tion task, children look at an owl that shuts its eyes from 
time to time while they hear a low or high sound. Their 
task is to press the button either when the owl shuts its 
eyes or when they hear the same sound twice in a row. 
In the sustained-attention task on the other hand, ghosts 
in different colors are presented and children have to 
press a button if the same-colored ghost appears twice 
in a row. Psychometric properties are described in the 
introduction.
Analyses
Analyses apply feature selection to identify those varia-
bles most relevant to the diagnosis, and we took a popular 
pattern recognition approach (SVM) to make the diagno-
sis prediction. To ensure each prediction was made based 
on data that was novel to the classifier, as would occur in 
routine clinical practice, we used cross-validation. Due to 
the differences in measures for childhood and adulthood 
ADHD diagnoses, we carried out two separate but identi-
cal analyses for each age group.
Variable preparation
As the first step, the variables were standardized to 
reduce errors due to scaling. This involved subtract-
ing the mean value of each variable and dividing by the 
standard deviation. Standardization aims to ensure that 
the automated selection of variables is based on their 
predictive value, rather than on their relative variability 
or magnitude.
Individual scan classification
All analyses were performed in Matlab 2012a (The Math-
works Inc.) and Matlab-based calculations used the SVM 
toolbox [68] and custom Matlab scripts. To investigate 
which variables predicted ADHD diagnosis, we applied 
a linear support vector machine (SVM; [69, 70]) pat-
tern-recognition method to each dataset, with standard 
leave-one-out cross validation (LOOCV). The advantages 
and technical details of SVM and pattern-recognition 
approaches in general are described in more detail else-
where [43, 71]. Put simply, one subject is removed from 
the data set and the aim is to identify the set of variables 
that best separate the N-1 subjects into patients and con-
trols. The optimal set of variables is then used to predict 
whether the subject that was removed belongs to the 
patient or control group. This process is repeated until all 
subjects have been classified.
To identify which variables are most important to the 
prediction we employed feature selection. This technique 
involves ranking the variables from largest to smallest 
absolute differences between groups within each train-
ing set (excluding the subject left out to ensure it is novel 
to the classifier). Potential thresholds were explored 
over a wide range, whereby all variables with differences 
between the groups above the threshold are included in 
the classification. The threshold that yielded the high-
est training stage accuracy (the accuracy obtained dur-
ing the second [inner] LOOCV procedure—which does 
not include the novel data) was used in the final predic-
tion. This approach has been described in greater detail 
elsewhere [72]. Notably, as feature selection took place 
for each training set (each combination of N-1 subjects), 
a different combination of variables can be selected for 
each subject’s prediction. This approach optimized the 
number of variables required to classify the data. We cal-
culated the classification accuracy, sensitivity, and speci-
ficity at each stage. In addition to the approach including 
all variables, we investigated the feasibility of predicting 
applying the objective QbTest and TAP scores only (ver-
sions for both children and adults) to see whether they 
could independently predict diagnosis without relying on 
the subjective Conners’ scores.
Results
Our child datasets included age, gender, Conners-3 par-
ent/teacher ratings, QbTest 6–12 and the KiTAP scores; 
the adult datasets age, gender, CAARS-L: S/O, QbTest+© 
and TAP. IQ and medication history were not included in 
the prediction for reasons as outlined above. Tables 2 and 
3 show correlations between age, IQ (child sample), the 
symptom scales of the subjective measures and objective 
variables.
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As expected, we found significant negative correla-
tions between IQ, the Conners’ symptom scale for inat-
tention and the ADHD index as well as the Qb factors. 
Furthermore, there were significant positive correlations 
between corresponding variables of the different TAP/
KiTAP tasks. Regarding the adult sample, the Qb fac-
tor for impulsivity correlated significantly positive with 
the number of errors of most of the TAP tasks, indicat-
ing that patients who produced a lot of errors in the TAP 
also scored high on the impulsivity factor of the Qb+©. 
Additionally, the Qb factor inattention correlated signifi-
cantly positive with the inattention symptom scale of the 
CAARS observer scale as well as with the TAP variables 
reaction time and reaction time variance (RT SD). Finally, 
there were significant correlations between the number 
of omission errors in the TAP tasks and the ADHD and 
inattention symptom scales of the CAARS. Regarding the 
child sample, we also found positive correlations between 
the Qb impulsivity factor and the number of errors in 
the KiTAP tasks Go/Nogo and sustained attention. Fur-
thermore, there were positive correlations between the 
Qb inattention factor and the reaction time and reaction 
time variance of the sustained attention task. In general, 
there were only few significant correlations between 
the subjective and the objective variables, a fact already 
shown in previous studies [31, 37].
Prediction of ADHD diagnosis in adults
Using a linear SVM and feature selection on the adult 
dataset, we were able to predict an ADHD diagnosis 
with 89.5% accuracy (sensitivity = .90, specificity = .90, 
χ2 = 44.26, p < .0001). The majority of the variables rele-
vant to the classification were selected from the CAARS 
scores. Many of the scores from the self-ratings were 
especially predictive, with each of the 51 variables 
selected in 36.20% of the predictions on average. Simi-
larly, the observer-rated scores contained many predic-
tive variables, with each variable selected in 20% of the 
cross-validated classifiers on average. This was expected, 
as symptom severity scores are likely to readily distin-
guish patients from controls.
We did not find the test battery of attention scores to 
be particularly predictive of ADHD diagnosis. Of the 28 
variables included in the calculation, each variable was 
selected in 2.96% of the predictions on average. The 16 
QbTest+© variables entered into the classifier were 
selected in 8.96% of the predictions on average.
The variables selected in all of the predictions were 
questions from the self- and observer-rated CAARS. 
From the self-ratings, we found the following items to 
be relevant to all predictions: “I have trouble keeping my 
attention focused when working”, “I feel restless inside 
even if I am sitting still”, “Things I hear or see distract me 
from what I’m doing”, and “I am restless or overactive”. 
Similarly, three items from the observer-rated question-
naire were used in all predictions: “is easily frustrated”, 
“is distracted by sights or sounds when trying to concen-
trate”, and “can’t keep his/her mind on something unless 
it’s really interesting”.
In addition, although not used in all the predictions, a 
number of self-rated CAARS items were selected in over 
75% of predictions: “Many things set me off easily”, “My 
moods are unpredictable”, “Sometimes my attention nar-
rows so much that I’m oblivious to everything else; other 
times it’s so broad that everything distracts me”, “I can’t 
keep my mind on something unless it’s really interesting”, 
“I am distracted when things are going on around me”.
When including only objective measures (the output 
from the QbTest+© and TAP tasks), we predicted an 
ADHD diagnosis with 79% accuracy (sensitivity = .82, 
specificity = .76, χ2 = 23.28, p < .0001). The following vari-
ables were used in over 85% of predictions: overall omis-
sion errors made at the subtest sustained attention in the 
TAP; QbTest+©: omission errors, error rate, normalized 
reaction time variance, normalized reaction time vari-
ance without outliers, and the ability of the patient to dis-
tinguish between target and non-target.
Prediction of ADHD diagnosis in children
By applying the same technique used to predict diagnosis 
in the adult population to 30 children with ADHD and 
30 controls, we were able to predict diagnosis with 86.7% 
accuracy (sensitivity = .83, specificity = .90, χ2 = 29.53, 
p < .0001). As in the adult study, the Conners’ scores 
proved to be the most predictive of an ADHD diagnosis. 
Only 12 parent-rated scores were entered into the clas-
sification procedure, and those variables were selected 
in 36.53% of the predictions on average. The Conners’ 
parent subscores relating to executive function, inatten-
tion DSM-IV ratings and the ADHD index were selected 
in all predictions, and the general inattention score was 
selected in 75% of the predictions. None of the variables 
taken from the KiTAP were selected in any of the predic-
tions, while the 15 QbTest 6–12 variables entered into the 
classifier were selected in only 1.11% of the predictions 
on average.
When using only the output from the QbTest 6–12 and 
KiTAP tasks, it was possible to predict an ADHD diagno-
sis with 78% accuracy (sensitivity = .80, specificity = .77, 
χ2 = 17.09, p < .0001). The following variables were used 
in over 98% of predictions: KiTAP: sustained attention—
number of omission errors, GoNogo—median of reaction 
time and number of errors; QbTest 6–12: distance partic-
ipant moved during testing, area covered by the patient 
during testing, micro movements exceeding 1 mm, com-
plexity of movement-pattern, multiple pressing of the 
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test button, reaction time variance without outliers, nor-
malized reaction time variance without outliers, anticipa-
tory, reactions < 150  ms that are considered accidental. 
All prediction results are summarized in Table 4.
Discussion
In this study we aimed to determine the accuracy with 
which objective and subjective measures can predict the 
diagnosis in individuals with and without ADHD. Based 
on the fact that questionnaire data suffer from rater bias 
and that diverse methods seem to assess partly different 
constructs, we wanted to examine both the combined 
effect of subjective and objective measures as well as the 
unique effects of the objective measures obtained from 
the QbTest 6–12, Qb+©, KiTAP or TAP.
ADHD assessment in adults
Our results demonstrate that using both subjective and 
objective measures in adults, it was possible to predict 
an ADHD diagnosis with an accuracy of 89.5%, with self-
rated scores being the most predictive ones (selected 
in an average of 36.20% predictions) followed by the 
observer-rated scores (selected on average in 20%). Var-
iables of both the Qb+© and TAP were less relevant to 
predicting an ADHD diagnosis than were the self- and 
observer-ratings. Nevertheless, prediction was still possi-
ble using only these objective measures with an accuracy 
of 79%.
Regarding the TAP, the variable omission errors from 
the subtest “sustained attention” was selected in more 
than 85% of the predictions; the same accounts for the 
Qb+© variables omission errors, error rate, reaction 
time variance, and the participant’s ability to distinguish 
between target and non-target. This finding is in line 
with previous findings, as a review of 33 studies on the 
neuropsychology of adults with ADHD identified omis-
sion errors and reaction time variance as variables well 
able to discriminate between adults with ADHD and 
controls [73]. This is further supported by our analysis 
that revealed some significant correlations between the 
number of omission errors in the TAP, the overall ADHD 
and inattention symptom scales of the CAARS. These 
two variables are generally considered to be indicative 
of inattention, which has been supported in previ-
ous factor analyses [38]. Our findings thus reveal those 
variables indicative of inattention as the most predictive 
ones for diagnosing ADHD in adults. This is in line with 
research suggesting that inattention is the ADHD symp-
tom domain most likely to persist through lifetime, while 
hyperactivity and impulsivity seem to decline to a greater 
extent [74]. It is unlikely that these results are due to our 
sample having a higher proportion of the inattentive 
subtype as those were only 10.5%, but 81.6% of the par-
ticipants had the combined subtype. Furthermore, our 
findings demonstrate high accuracy rates when the pre-
diction was based on objective measures only, thus sup-
porting their diagnostic value independently of subjective 
measures, removing a significant source of variability and 
thus increase the likelihood that the classification accu-
racy obtained would be able to be independently rep-
licated. This is important, as in clinical practice we do 
not just want to know whether patients are inattentive in 
daily life (due to several potential reasons besides a pri-
mary attention deficit), but also whether they are inatten-
tive in structured situations such as when completing a 
neuropsychological task. Thus, as emphasized by Toplak 
et al. [23], ratings and tests capture at least partly different 
constructs and should therefore be seen as complement-
ing one another. This is further supported by our findings 
that showed rather low and non-significant correlations 
between subjective and objective measures. Furthermore, 
an objective assessment of a patient’s impairment might 
be especially relevant in cases where observer-ratings are 
unavailable [75], when self-ratings might be questionable 
due to the potential faking of results (e.g., [76, 77]), or 
when answers are considered biased [18]. Recent studies 
have provided additional support for the value of objec-
tive assessments. For example, Hirsch and Christian-
sen [78] showed that inattention as measured with the 
Qb+© was indicative of overall impairment, adding key 
supplemental information. Another study demonstrated 
that the Qb+© is sensitive to medication effects, show-
ing an improvement in 54% of patients who reported no 
changes in the subjective measure [79].
ADHD assessment in children
We were able to predict an ADHD diagnosis in children 
based on all of the variables with 86.7% accuracy. Here, 
no self-ratings were used, but the sub-scores “execu-
tive functioning”, “DSM IV inattention” and the “ADHD 
index” of the parent-ratings were selected in all predic-
tions demonstrating their diagnostic value. The predic-
tion using the objective measures did not produce as 
accurate a classifier as the combined objective and sub-
jective measures in our child sample. However, predicting 
Table 4 Prediction results
Adult prediction Child prediction
All variables Objective 
variables
All variables Objective 
variables
Accuracy (%) 89.5 79.0 86.7 78.0
Sensitivity .90 .82 .83 .80
Specificity .90 .76 .90 .77
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an ADHD diagnosis using only the objective measures 
was still significant with 78% accuracy.
Similar to the adult sample, the variable omission 
errors of the subtest “sustained attention” of the KiTAP 
was selected in more than 98% of the predictions, as was 
the median of the reaction time and number of errors 
in the “Go/NoGo” subtest. This is in line with previous 
research showing that children with ADHD commit 
both more omission errors and commission errors than 
healthy controls [80–82]. Looking at the QbTest 6–12, 
the most important variables for the prediction differ 
from those of the adult sample, as the variables assess-
ing hyperactivity were predominantly selected, namely 
the distance moved and the area covered by the partici-
pant, micro-movements, complexity of movement pat-
terns, as well as multiple pressing of the button, reaction 
time variance, and reaction times < 150 ms. This reflects 
the findings on the development of ADHD symptoms 
from childhood to adulthood, demonstrating that hyper-
activity is more observable in children than in adults 
[14, 83, 84]. Adults, in contrast, report more feelings of 
restlessness or being driven by an internal motor than 
overtly exhibiting hyperactive behavior. Furthermore, it 
is interesting that for the QbTest, the variables assessing 
hyperactivity were most often selected for the predic-
tion, whereas for the Conners-3 parent ratings the sub-
score assessing inattention seemed to be more important. 
Hyperactive behavior thus appears to be evaluated bet-
ter applying objective measures rather than subjective 
reports. A likely reason for this finding is that the QbTest 
can capture tiny movements that the patient alone might 
not even notice. Including objective measures thus 
resulted in high accuracy for the children. Regarding 
hyperactivity, the objective measures even outperformed 
the ratings. These findings support the inclusion of objec-
tive measures in ADHD diagnostics.
We found significant negative correlations between 
IQ, the Conners’ symptoms scale of inattention and the 
ADHD index, two of the KiTAP variables indicative for 
inattention (reaction time variance and omission errors) 
and the Qb factors. This is not surprising as the children 
with ADHD had lower IQ, which is known to be typical 
for this population [56, 57]. The fact that we found these 
correlations not only for the objective measures but also 
for some of the subjective variables underlines that the 
performance in the objective tasks was not only due to 
the lower IQ, but also influenced by the deficits these 
children present.
Limitations and future research
According to the DSM-criteria [1] for ADHD, impair-
ment should be established in multiple settings. It would 
therefore have been valuable to also include teacher 
ratings in the present study. Unfortunately, there was too 
much missing data for the teacher ratings to be absorbed 
in our analyses. This is a problem we confront constantly 
during our daily diagnostic routine. Here, objective meas-
ures are given additional weight, as they have the poten-
tial to add valuable information not otherwise obtainable.
Another limitation of our study is the relatively small 
number of participants in each group (adults ADHD/
controls: 38; children ADHD/controls: 30). As we aimed 
to be able to make reliable claims regarding the diagnos-
tic accuracy of the instruments assessed, we focused on 
having gender- and age-matched groups. This resulted in 
relatively small group sizes, but the total number of par-
ticipants (N = 136) can be regarded as satisfactory.
Future research should preferably include a clini-
cal control sample, as it is highly relevant for clinicians 
to be able to distinguish between patients with ADHD 
and those exhibiting similar symptoms due to another 
underlying disorder (e.g., inattention is also common in 
patients with depression).
Conclusions
In conclusion, we took a sophisticated statistical 
approach in this study to examine the diagnostic con-
tributions of various measures assessing ADHD and to 
assess their classification accuracy. The present find-
ings are highly relevant for clinicians, and can help to 
improve the workup for diagnosing ADHD. Our investi-
gation’s findings demonstrate that when using both sub-
jective and objective measures, an ADHD diagnosis can 
be accurately predicted with high sensitivity (adults: .90, 
children and adolescents: .83) and specificity (adults: 
.90, children and adolescents: .90). Whilst the combina-
tion of objective and subjective measures produced more 
accurate results than the classification based on objective 
measures only, the latter was still highly satisfactory and 
removes a potential source of error. The core symptom 
of hyperactivity is captured especially well in children 
via objective measures. Considering the evidence that 
ratings and tests seem to assess at least partly different 
constructs [23], objective measures always add unique 
information. Considering that our study revealed only 
objective measures to be highly accurate, the fact that 
subjective measures are always influenced by rater bias, 
and that teachers’ appraisals are not made routinely avail-
able to clinicians, we recommend that objective measures 
be included in ADHD diagnostics not only to supplement 
ratings, but as an integral element thereof.
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